Current genome-wide association studies (GWAS) often involve populations that have experienced recent genetic admixture. Genotype data generated from these studies can be used to test for association directly, as in a non-admixed population. As an alternative, these data can be used to infer chromosomal ancestry, and thus allow for admixture mapping. We quantify the contribution of allele-based and ancestry-based association testing under a family-design, and demonstrate that the two tests can provide non-redundant information. We propose a joint testing procedure, which efficiently integrates the two sources information. The efficiencies of the allele, ancestry and combined tests are compared in the context of a GWAS. We discuss the impact of population history and provide guidelines for future design and analysis of GWAS in admixed populations. Genet. Epidemiol. 34:783-791, 2010. 
INTRODUCTION
During the past few years, hundreds of genome-wide association studies (GWAS) have been reported. It is only recently, however, that several large-scale GWAS are underway, which focus on genetically admixed populations, such as African Americans or Hispanics. GWAS in recently admixed populations present special challenges. Under a case-control design, spurious association may arise when subjects in the case and control groups differ in allele frequencies, which can easily arise from differences in ancestry proportions. A well-known example of this sort is the putative association between a Gm haplotype and the risk of type 2 diabetes in Pima Indians. After adjusting for the European admixture of each individual, estimated by the number of European grandparents, the putative association disappears [Williams et al., 2000] . In this situation, the Native American ancestry proportion acts as a confounding variable, correlated with both the disease prevalence and with the frequency of the Gm haplotype. Although various adjustment strategies have been proposed [Redden et al., 2006] , the adequacy of these methods in GWAS remains uncertain. Hence family-based association methods provide a robust defense against population stratification. In its simplest form, the Transmission Disequilibrium Test (TDT) focuses on the transmission from a heterozygous parent to an affected child [Ewens and Speilman, 1995] . This test was subsequently generalized to accommodate quantitative traits, as well as to allow for non-additive models [Kistner and Weinberg, 2004; Laird and Lange, 2008; Weinberg et al., 1998 ].
While admixed populations pose challenges for casecontrol association studies, these populations provide unique opportunities to detect risk variants that occur in some, but not all, of the ancestral populations, and to disentangle the genetic contribution of the ethnicityspecific patterns of disease prevalence. The prospect of admixture mapping, which exploits the extended linkage disequilibrium generated in the process of recent admixing, can be traced to Chakraborty and Weiss [1988] . The rationale of admixture mapping parallels that of conventional association testing procedures: while conventional association procedures seek genomic locations in which a specific allele or genotype occurs more frequently among cases than controls, admixture mapping searches for locations in which a particular ancestry is over-represented among the cases compared to expectations [Smith and O'Brien, 2005] . Under a family-based design, a TDT-like admixture mapping statistic was proposed by McKeigue [1997] . This test, as well as all other admixture mapping tests that have been proposed to date, infers ancestry at each marker location from surrounding genotype data.
To reduce the genotyping cost, panels of ancestry informative markers (AIMs) have been designed for admixture mapping in African Americans or Hispanics [Price et al., 2007; Smith et al., 2004; Tian et al., 2006] . In the context of a GWAS, however, computational methods have been developed, which allow accurate inference of locus-specific ancestry using genotype data generated from standard dense genotyping platforms [Price et al., 2009; Sankararaman et al., 2008; Sundquist et al., 2008; Tang et al., 2006] .
In a GWAS that focuses on a recently admixed population, researchers have the option to use the same genotype data to perform either or both genotype-based association mapping and admixture mapping. A natural question to ask is, do genotype and ancestry provide non-overlapping information? In this study, we show that the answer is yes, and we propose a testing procedure that integrates the genotype and ancestry information. We evaluate the power of the genotype, ancestry and combined tests through a combination of theoretical calculation, simulation and empirical data. Our analysis also quantifies the degree to which genotype and ancestry provide non-overlapping information. The results are relevant to the design and analysis of familybased GWAS studies in recently admixed populations.
MODEL AND METHOD
In this section, we first define the allelic and ancestry-TDT statistics. Under the null hypothesis of no association or no linkage, each of these test statistics has an approximate w 2 distribution and under the alternative has a non-cental w distribution, for which we derive the non-centrality parameter. As explained in Clarke and Whittemore [2007] , the square root of the TDT coincides with a score statistic. Thus, the non-centrality parameters for both allele and ancestry tests can be derived by computing the expectation of the efficient score. We refer readers to Clarke and Whittemore [2007] or Siegmund and Yakir [2007] for a more complete discussion.
DATA STRUCTURE AND NOTATIONS
Consider a study that recruited N nuclear families, each of which consists of two parents and an affected child. The underlying population has experienced recent admixture of two ancestral populations, X and Y, with average admixture proportions of f and 1Àf. Let S and s denote two alleles at a disease predisposing locus. Let p X s ; p Y s and p s be the frequencies of S in the two ancestral populations and in the admixed population, respectively. The location of S is unknown, and the polymorphism itself may or may not be genotyped. We assume a multiplicative disease model, as it simplifies the analytic derivation [Clarke and Whittemore, 2007; McKeigue, 1997; Zhang et al., 2004] . The test statistics remain valid regardless of the underlying disease model, although there may be a loss of power with incorrect specification of the mode of inheritance. Letting D denote the disease phenotype, the penetrance function at the S locus satisfies:
Let A and a denote the alleles at a diallelic genotyped marker, and let F be the frequency of A in the admixed population. We parameterize the gametic phase disequilibrium between A and S by p A and p a which denote the frequencies, in the admixed population, of S conditioning on the marker alleles being A and a, respectively.
TESTING ALLELIC ASSOCIATION
The premise of the TDT is that, if the genotype at marker A is not associated with the disease risk, then a heterozygous parent, with genotype Aa, transmits the A or a allele to an affected child with equal probability. Let N Aa be the number of heterozygous parents in the sample, of which N A transmitted the A allele while N a transmitted to an affected child the a allele. The TDT statistic, in its classic form, is
Under the null hypothesis of no association or no linkage, T G asymptotically follows a w 2 distribution with one degree of freedom. To emphasize that this test is based on comparing the transmitted and non-transmitted alleles, we refer to this test as the allelic-TDT.
In order to evaluate the power of this test under an alternative hypothesis, we compute the asymptotic noncentrality parameter of the test statistic. In doing so, we make the conventional assumption of statistical large sample theory: that N is large, while gÀ1 is small, in such a way that N 1/2 (gÀ1) is a finite, positive number. The numerator of T G represents the allelic transmission bias. Conditional on the individual being diseased, it has the expectation:
where y is the recombination fraction between A and S. This is equivalent to the numerator of Equation (37) in Clarke and Whittemore [2007] . For the asymptotic expected value of the denominator of T G under the assumption that gÀ1 approaches 0 and Hardy-Weinberg equilibrium, we obtain
By standard central limit theorem and law of large numbers arguments, the asymptotic non-centrality parameter for the allele-TDT statistic is
1/2 is the correlation of gametic phase disequilibrium (linkage disequilibrium). See also Siegmund and Yakir [2007] , pp [302] [303] . Note that the test will have power to reject the null hypothesis if the non-centrality parameter is non-zero, or equivalently if both yo1/2 and (p A Àp a )6 ¼0.
TESTING ANCESTRY ASSOCIATION
For ancestry association testing, we adopt an analogous statistic, originally proposed by McKeigue [1997] , which tests whether a parent heterozygous in ancestry (that is, parents with one allele from population X and the other allele from population Y) transmits the two alleles with equal probability. Here we assume that the ancestry at each marker can be inferred without error from the genotype at that marker as well as genotypes at neighboring markers. At a given locus, let Z X (respectively, Z Y ) denote the number of parents who are XY in ancestry and transmit to the children an allele from population X (respectively, Y). Let Z XY be the number of parents heterozygous in ancestry. The ancestry-TDT statistic takes the form:
In the same fashion as we computed the non-centrality parameter for the allelic-TDT, the non-centrality parameter of the ancestry-TDT can be derived analytically assuming a multiplicative disease model and known population admixing history:
Again, for the non-centrality parameter to be non-zero requires that yo1/2 and p
in m A shows that the ancestry-TDT only has power if the underlying risk variant occurs at different frequencies between the two ancestral populations. Another way of interpreting p X s À P Y s 6 ¼ 0 is that the ancestry at the marker is in ''linkage disequilibrium'' with the causal variant (where perfect disequilibrium would be a variant that is fixed in one population is absent in the other, while perfect equilibrium occurs when the allele occurs at the same frequency in both populations).
Remarks. Although the preceding calculations are based for simplicity on the model of multiplicative penetrances, under the asymptotic scenario that g-1 as N-N, the multiplicative model is asymptotically equivalent to an additive model. The allelic-TDT test presupposes parental allelic heterozygosity to remove the effect of population stratification, which otherwise can lead to an inflated level of false-positive errors. In principle, the admixture statistic need not be restricted to parents who are heterozygous in ancestry at the candidate marker. Indeed, McKeigue [1998] proposed to use a parent's genome-wide average ancestry, and he argued that excluding homozygous parents can lead to as much as a 50% loss of efficiency under some conditions. However, this approach implicitly assumes that the population ancestry proportions are constant across the genome, thus ignoring region-specific variability in ancestry. We believe that the statistic that conditions on heterozygosity in ancestry is more robust. Finally, it may be worth noting that an appropriate degree of freedom can be added to these statistics if it is felt that dominance may play an important role. However, conditioning on parental heterozygosity (either for genotype or for ancestry) would require that both parents be heterozygous in order to estimate the dominance deviation. This might shrink the effective sample size too much to be useful.
There is a caveat in our calculation of the non-centrality parameter for the ancestry-based test. In computing the expected number of ancestrally heterozygous parents, we have assumed that all parents have the same ancestry proportion (from X) of f. In reality, there is often substantial variation in ancestry proportions among individuals from recently admixed populations [Parra et al., 1998; Silva-Zolezzi et al., 2009] . Heterogeneity in ancestry proportion decreases the proportion of ancestrally heterozygous parents. The magnitude of the deficiency depends on the admixing history. Assuming individuals mated randomly subsequent to admixing, the variation in ancestry proportion decays by a factor of 2 in each successive generation, and the variation would be negligible in 10-20 generations. However, several studies have found complex and non-random mating patterns among some admixed populations [Krieger et al., 1965; Risch et al., 2009] . Therefore, the non-centrality parameter derived above and the sample size calculation presented below are somewhat optimistic.
JOINT TEST OF ASSOCIATION
We now consider a test statistic that combines the genotype and ancestry information. Consider the twodimension vector that represents the bias in allele and ancestry transmission:
Let M GA denote the covariance between the two components in Equation (4). As a combined test statistic we propose
which in large samples has approximately a w 2 distribution with two degrees of freedom under the null hypothesis.
To derive the non-centrality parameter of this combined test, note that the expectation of all terms in Equation (5) have been derived in the preceding sections with the exception of M GA . By taking the second derivative of the log-likelihood function or by direct calculation, we find the covariance between the two components is
where A X a Y is the number of parents, who have a X-derived chromosome carrying the A allele and a Y-derived chromosome carrying the a allele; likewise A Y a X is the number of parents, who have a Y-derived chromosome carrying the A allele and a X-derived chromosome carrying the a allele. This covariance term has an intuitive interpretation. For a parent in the A X a Y group, the two components in D GA are perfectly correlated: the transmission of the X-derived chromosome always co-occurs with the transmission of the A allele, and thus contributes an increment of one to both components; similarly, the transmission of the Y-derived chromosome simultaneously transmit the a allele, contributing a decrement of one in both components. In contrast, the two components in D GA are negatively correlated for parents in the A Y a X group: the transmission of the X-derived chromosome increases Z X ÀZ Y by one, but because this chromosome carries the a allele, N A ÀN a is decreased by one. Parents of all other genotype-ancestry combinations contribute to at most one of the components in D GA . To compute the expectation of M GA , let p X A and p Y A denote the allele frequency of A at the marker in ancestral populations X and Y, respectively. Under the null hypothesis, it is easy to see that:
Conditions where the combined test is more powerful than single degree of freedom tests will be discussed in the Results section. In the special case where the marker allele A is the same as the disease allele S, there is no new information provided by the ancestry test beyond that already provided by the allelic test. To see this, observe that the noncentrality parameter of the two degrees of freedom statistic is of the form x 0 R À1 x. Here x 5 (x 1 ,x 2 ) 0 , where x 1 is the signed square root of f G , while x 2 is the signed square root of f A ; and R is the correlation matrix of the (signed square root of the) two standardized statistics. Let r denote the off diagonal element of R. Then the noncentrality parameter can be written x 2 1 1ðx 2 À rx 1 Þ 2 =ð1 À rÞ 2 . In the case where the allele tested is actually the disease susceptibility allele, so p A Àp a 5 1 (e.g. perfect LD between disease variant and candidate marker), it is easy to see from the computations reported above that x 2 5 rx 1 , so the second degree of freedom adds nothing to the non-centrality parameter of the allelic statistic.
GENOME-WIDE SIGNIFICANCE LEVEL
The non-centrality parameters we derived in the previous sections relate directly to the statistical power of the respective tests at a specific candidate locus. In the context of a genome-wide scan, however, the significance level at each marker needs to be adjusted to account for the large number of markers tested. A common approach for this adjustment is the Bonferroni correction, which simply divides the significance level by the number of markers tested. This approach, however, can be overly conservative if the test statistics are highly correlated between linked markers. The correlation of T G along the genome depends on the linkage disequilibrium in the admixed population whereas the correlation of T A depends on the population history of admixture. Incorporating known population history and the empirical linkage disequilibrium pattern from existing data, we derived approximations for the genome-wide significance levels for allelic-TDT, ancestry and combined test statistics. The derivations of these significance approximations are beyond the scope of this manuscript, and will be described elsewhere.
Alternatively, one could simulate the null distribution of the genome-wide maximum test statistics using a permutation procedure and assess the significance of the observed test statistics based on the empirical quantiles. To illustrate this procedure, we make use of data generated in a GWAS of asthma in a Mexican population, which consists of 492 parents-child trios genotyped using Illumina 550 K arrays. The recruitment and characteristics of this cohort are described in Hancock et al. [2009] . The Mexican population derived ancestries from European, African and AmerIndian ancestral populations. The average ancestry proportions in our cohort was 27, 3 and 69% respectively. Although the ancestry-TDT can be generalized to admixture of more than two parental populations, in this case we combined the European and African derived chromosomes and test for only AmerIndian vs. non-AmerIndian ancestry. We generate permuted data by randomly assigning the transmitted and non-transimitted chromosome in each parent. For the allelic-TDT, we simply record the maximum T G achieved across the genome in each permuted set of data. For the ancestry-TDT, we inferred ancestry for each haplotype by means of a modified algorithm of Sundquist et al. [2008] , which uses phased genotype data. We treat the inferred ancestry as fixed and record the genome-wide maximum T A in each permuted data set. Likewise, we compute T GA on the permuted data and record the genome-wide maximum. The critical values at a 0.05 genome-wide significance level for T G , T A and T GA are defined by the 95% empirical quantiles of the respective null distributions, based on 10,000 permutations. We will not describe a full application of the proposed methods to this data set here because a much larger sample size is required to have adequate power to find effects of the modest magnitudes that are reasonable to expect. Furthermore, for the purpose of understanding the performance of the methods, the results of such an analyses will not provide much insight in the absence of a gold standard.
RESULTS
We begin by comparing the magnitude of the noncentrality parameters of the allelic and the ancestry-TDT. Consider an admixed population with proportions 0.3 and 0.7 from two ancestral populations. We take the LD between A and S to be fixed at D 0 5 0.8 in each ancestral population. The frequencies of S in the two ancestral populations are allowed to vary, and the genotypic relative risk is set at g 5 1.5. The noncentrality parameter of the combined test is not directly comparable because this test has two-degrees of freedom, and hence requires a larger significance threshold. Figure 1 shows the log ratio of the noncentrality parameter of the allele-TDT, f G , compared to that of the ancestry-TDT, f A as a function of p s and d ¼ p X s À p Y s : As expected, we find the ancestry test compares favorably to the allelic test near the top and bottom corners, regions of maximal allele frequency difference of S between the two ancestral populations. In contrast, in the middle belt, where S occurs at similar frequencies in the ancestral populations, the ancestry test essentially has no power. The outer solid contour lines define a region within which f G is at least as large as f A . The inner dotted contour lines define the region in which f G is at least twice as large as f A . The specific values in this heatmap depend on various model parameters; in particular, f G depends on the allele frequency of A. For the results presented in Fig. 1 , the frequency of A in each ancestral population is computed by shrinking the corresponding population-specific frequency of S towards 0.5. This and our additional analyses indicate that in a wide range of parameter settings, the allelic-TDT tends to provide more information than the ancestry-TDT.
As explained above, the genome-wide significance level depends on the correlation of a test statistic at neighboring markers. We simulated the null distribution of the maximum T G , T A and T GA on a Mexican asthma GWAS study. Figure 2 displays the realizations of the test statistics along one chromosome for one permuted dataset, with the three panels corresponding to the genotype, ancestry and combined tests, respectively. We find little correlation between T G at neighboring markers; and the 95% quantile of the null distribution of the genome-wide maximum statistic was 27.32. This is only slightly lower than a Bonferroni corrected threshold for 483,000 SNPs, which would lead to a critical value of 28.31. In contrast, we find much stronger correlation between neighboring markers for T A , whose 95% quantile of the null distribution of the genome-wide maximum statistic was 20.15, corresponding to a test of $7,000 independent hypotheses. Finally, we observe that the distribution of the genome-wide maximum combined test-statistic has a slightly longer tail than that of the allelic test, with a 95% quantile of 30.15. In other words, the value of the two degree of freedom statistic required to declare genome-wide significance is only marginally higher than that for the allelic test, and hence the combined statistic can be more powerful than the allelic test if the true disease allele has only a moderate frequency difference in the ancestral populations. Our analytic approximation for the genome-wide false-positive rate produces critical values that are close to the simulated values: assuming a 15 generation admixing time for the Mexican population, the genome-wide critical values at a 5 0.05 level are 30.9, 27.6 and 20.7 for T GA , T G and T A respectively. Figure 3 compares the sample size required for the two-df test and for the allelic test under the same model specification as in Fig. 1 , but we now account for the differences in degrees of freedom and genome-wide critical values for the two tests. The contour lines define the parameters for which the power of the combined test and allelic tests are equal. It is easy to see that taking ancestry into account can improve power in some cases. (We have made a similar comparison of the ancestry test and the allelic test. While the power of the ancestry test relative to that of the allelic test improves compared to the situation described in Fig. 1 , despite the much lower genome-wide critical value of the ancestry test, it still has lower power than the allelic test in most situations. The exception is when the risk variant occurs with considerable ancestry-specificity.)
The preceding analyses explore the relative efficiencies of the various tests primarily as a function of the frequencies of the true risk variant. However, the power of the tests depends on numerous aspects of the model, which makes a completely satisfactory comparison difficult. To incorporate a more realistic pattern of LD and of diversity in allele frequencies, we performed a simulation using the data generated from the Phase 3 data from the HapMap project (http:/ /www.hapmap.org). We extracted all SNPs that are typed on the Illumina 550 K platform, and consider an admixed population that is 30% European (CEU) and 70% African (YRI) by ancestry; thus, p s and d at the disease locus are determined by the actual SNPs in the HapMap data. In turn, we assume each SNP is a disease variant but not typed, and compute the sample size required to reject the SNP to the right after accounting for different genome-wide critical values. Figure 4 shows the log (base 2) ratio of sample size required by the ancestry-TDT to that required by the allele-TDT. For 67% of the genome, the allelic test requires smaller sample size than the ancestry test. However, for 22% of the variants, the ancestry test requires less than half the sample size needed by the allelic test. Figure 5 compares the sample size required for the combined test to that for the allelic test alone. Overall, power improves for 66% of the SNPs by using the combined test, and for 26% of the SNPs the combined test requires less than half of the sample size of the allelic test. For the remaining 34% of SNPs, the combined test is less efficient because the variants show little frequency variation between populations. However, the loss of efficiency never exceeds 6%.
In an effort to describe settings where the combined test outperforms the allelic test, we compared various characteristics of both ''disease'' and marker loci. We find that the most predictive measures are the LD between the marker and disease locus and the ancestral allele frequency difference of the disease variant (but not the marker allele frequency). Compared to the entire set of SNPs considered, variants that do not benefit from the combined test tend to be in higher LD with the candidate Fig. 4 . Sample sizes required for the ancestry test vs. those required by the allelic test for a genome-wide scan at 80% power. (A) Scatter plot of sample sizes (truncated at 10 9 ); and (B) log 2 ratio of sample sizes. SNP frequencies and LD patterns are based on HapMap Phase 3 data. marker and to have similar frequencies in the ancestral populations. As we noted earlier, (a) admixture mapping only has power to detect variants that are ancestryspecific; and (b) when the marker genotype is highly correlated with the genotype at the disease locus, ancestry information does not add much information even if the disease variant is ancestry-specific.
We also compared sample sizes required for the combined test to those for the ancestry test. For 83% of the SNPs, the combined test is more powerful; in fact, for 40% of the SNPs the combined test requires less than 20% of the sample size needed for the ancestry test. However, as a consequence of the substantially lower genome-wide critical value for the ancestry test, the combined test can require up to 37% greater sample size. This is rare, though, since only for 14% of the SNPs does the combined test require as much as a 10% increase in sample size over the ancestry test.
In the previous analysis, we compute the power as the probability that a test can reject the SNP next to the true disease locus. In practice, however, it is helpful to reject any SNPs in a small neighborhood of the disease locus. Therefore, we also compared the power of the three tests, when we allow the tests to reject any SNPs in a six SNPs neighborhood (three to each side) of the disease locus. This does not alter the power and sample size of the ancestry test, because the ancestry seldom changes within such a small neighborhood. In contrast, the power of the allelic test can increase considerably if a neighboring marker (but not the marker immediately next to the disease variant) is in high LD with the disease variant. Using such a criterion, the combined test performs favorably on 37% of the SNPs when compared to the allelic test. When the neighborhood is expanded to 10 SNPs (five to each side), the combined test still outperforms the allelic test on 32% of the SNPs. Table I compares the sample sizes required by the three tests under both criteria.
DISCUSSION
In GWAS in admixed populations, tests based on genotype and on ancestry have been developed for identifying markers that influence phenotype [Ewens and Spielman, 1995; McKeigue, 1997] . We have shown that genotype and ancestry provide complementary information (except when disease predisposing and marker alleles are in essentially complete disequilibrium). Intuitively, the allele-TDT only uses information from genotypically heterozygous parents, while the ancestry-TDT only uses information from ancestrally heterozygous parents. Since some parents are genotypically heterozygous but not ancestrally heterozygous (or vice versa), the two tests are not identical. Simply performing both tests at each marker across the genome would exacerbate an already severe multiple comparison problem and is likely to decrease the power. Ideally, one might try to use the ancestry test if the disease allele is known to be population-specific, and use the genotype test in a neighborhood of high linkage disequilibrium. In the context of GWAS, however, one does not know the precise location of the disease locus, much less the local LD structure and the population allele frequencies of the risk variants. Therefore, it is not possible to choose an ideal test a priori.
We propose a statistical framework under a familybased design that integrates the two sources of information into one combined test. When neither marker genotype nor ancestry perfectly captures the transmission of the disease variant, the combined test achieves greater power than either the genotype or the ancestry test alone. In situations where either genotype or ancestry provides no information, the combined test is only slightly less powerful than the more informative test. For this reason, the combined test is a practical procedure for GWAS in admixed populations and improves power on average. It is our hope that the method and results presented here serve as a proof of principle example, which demonstrates the potential benefits of considering complementary sources of information in genetic association studies. Specifically, the general framework of combining genotype and ancestry information can be extended to the more commonly adopted population-based case-control designs, and it is likely that a combined testing procedure can improve the overall statistical efficiency in this setting as well . Since a joint ancestrygenotype test under a population-based design requires careful adjustment of population structure, we leave it for a future endeavor.
The sample size calculations reveal key elements that affect the relative efficiency of the allelic and the ancestry tests. Our findings are qualitatively consistent with the conclusions of Clarke and Whittemore [2007] : the power of the allelic test depends on the LD between the marker and the disease locus, while the power of the ancestry test depends critically on the difference in the frequency of the risk variant between ancestral populations. Clarke and Whittemore [2007] compared the noncentrality parameters of the allelic and ancestry tests, which are most relevant in testing one candidate SNP. Since the genome-wide significance levels also depend on the correlation between markers, which differs substantially between the tests, the significance thresholds also differ. These critical values can be found either through simulation or through theoretical approximation. Incorporating these varying critical values, our analysis bears more relevance for GWAS. In particular, because of its substantially lower rejection threshold, the ancestry-based test competes more successfully with the allelic test in the GWAS than it would be for testing a single SNP.
A key parameter in determining the power of the allelic-TDT is the LD between marker and disease locus. Although this parameter is unknown a priori, with the decreasing cost of high-density genotyping, it is reasonable to assume that some markers on the array are in the vicinity of the disease locus, and hence are in high LD with the disease variant. In the context of high-throughput sequencing, we expect the disease variant itself to be genotyped (i.e. |r| 5 1). Therefore, we expect that in the future most common disease variants can be detected more readily using an allelic test. The power of ancestry-TDT depends on the allele frequency difference of the disease variants, for which we have little empirical data to date. Data from the HapMap project and the HGDP project reveal that a majority of alleles show similar frequencies even among the most distantly related human populations. Of the autosomal SNPs on the Illumina 550 K arrays, the median absolute frequency difference between CEU and YRI individuals is 0.16, with a mere 5% of alleles showing a CEU-YRI frequency difference greater than 0.5. However, it is possible that the SNPs on this genotype array do not represent an unbiased collection of SNPs that influence phenotypes of interest.
The ancestry test may offer information in the presence of rare variants and allelic heterogeneity. Suppose, for example, that multiple rare variants occur in one ancestral population and they influence the phenotype in the same direction. This is likely the case for phenotypes that are under directional selection in ancestral populations, such as pigmentation genes and genes involved in metabolic traits [Pickrell et al., 2009] . Because each variant is rare, the allelic test requires a large sample size to detect each variant unless a single marker is in high LD with all of them (in which case the associated allele of the marker will appear to be the variant). In contrast, the ancestry test (like a family-based test for linkage) has the effect of grouping haplotypes carrying different risk variants, and thus implicates a genomic region rather than a single variant.
It should be emphasized that the correlation of the ancestry statistics along a chromosome, and thus the genome-wide critical value for the ancestry test and the success of a scan statistic to help in fine mapping the phenotype, depends on the admixing history of the population. In a recently admixed population, individuals inherit large segments of chromosome from a given ancestral population; and the ancestry statistics are highly correlated along the genome. As time goes on, recombination breaks large ancestry blocks into finer segments; and as a result, the correlation in ancestry statistics decreases. Under a population history comparable to that of the African Americans or the Mexican Americans, we found the genome-wide critical value for the ancestry test to be substantially lower than that for the allelic test. In contrast, for a population that has undergone more ancient admixture, such as the Uyghurs, who were estimated to have experienced admixture more than 100 generations ago Xu and Jin, 2008] , ancestry test statistics are expected to be much less correlated, and therefore the genome-wide critical value is much higher, about 24.2 according to our analytic approximation.
Taking the factors discussed above into consideration, our general conclusion is that ancestry information can augment a genotype-based association testing procedure. In the context of GWAS or sequencing-based association studies, however, admixture mapping alone is usually ineffective. Our results also highlight the importance of studying diverse populations. In particular, variants that are fixed in a population cannot be detected by an association study in that population. Admixed populations offer unmatched opportunities to identify trait loci that are polymorphic in at least one ancestral population, or loci at which different alleles are fixed in ancestral populations.
